INTRODUCTION
Time lapse seismic is an important tool in the characterization of a reservoir's dynamic attributes. Nevertheless, the interpretation of time-lapse anomalies still involves challenges due to uncertainties related to noise level, repeatability and detectability of changes in fluid saturation and pressure variation. Therefore it is commonly done qualitatively.
Time lapse stochastic inversion methods seek a quantitative approach to extract a model that explains time lapse seismic data. For instance, (Buland and El Ouair 2006 ) performed a stochastic time-lapse inversion directly on the seismic difference between a repeated survey and a baseline survey with good results.
This work presents a quantitative evaluation of the stochastic time lapse inversion method in terms of noise and parameterization. The Stochastic inversion algorithm, Delivery4D (Gunning 2013) used in the present work brings a Bayesian approach to the problem, allowing the input of statistic prior information and providing the uncertainty associated with each inverted reservoir parameter as an output.
To quantitatively evaluate the method, a noiseless synthetic dataset was inverted and used as a baseline. Noise (random and coherent) was added to the seismic data, input parameters changed and the results were compared with the baseline case. The comparison involves the analysis of the posterior distributions of gas saturation in the reservoir layer as well as the Maximum a posteriori (MAP) model's gas saturation for the entire volume.
METHOD AND RESULTS
In order to execute the inversions we used Delivery4D, software described in (Gunning 2013) . This software performs model-based Bayesian multistack, multivintage, multicomponent seismic inversion. The forward seismic model generator works on a trace by trace basis applying convolution to generate synthetic traces and treats layers as isotropic homogeneous entities with effective elastic properties computed from the successive application of Gassmann's fluid substitution with constant saturation throughout the layer in the permeable layers and Backus averaging elastic properties within the impermeable ones.
The synthetic data used in this work was based on an actual 4D acquisition that take place on Otway Basin, South of Australia, after the injection of Supercritical Buttress gas (78.7% CO 2 , 18.9 CH 4 ) on the Paraate formation and used in the feasibility study for the Otway CO 2 sequestration project. Log data of two wells present in the area were geostatistically interpolated to create the static geological model.
Results of flow simulation relative to the injection of 10k of CO 2 +CH 4 were used as input for fluid substitution. The three main steps for the creation of the synthetic seismic datasets were: 1)Generation of synthetic seismograms for the 1D velocity models for different plume thicknesses with 5% of gas saturation. 2)Simulation of the Otway 3D seismic acquisition geometry by computing a 3D seismic volume for
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The prior model for the Bayesian inversion was a superposition of layers. Each layer was composed of permeable and impermeable members with specified Vp, Vs, density and porosity trends as well as fluid saturation, net-togross, top of the layer time and their uncertainties. The facies identified on the two wells were distant mouth bars (clay rich) grounding to proximal mouth bars (clean sandstones) and distributary channels, (sandstones and gravel) at the top. The bounding flooding surfaces for each of these are marked where there have been delta front mudstones (potential seals recognised in the cores and logs). All of this was overprinted with digenetic carbonate cement layers which serve as seals of varying quality ). The distal mouthbar and the delta front were considered shaly member, proximal mouth bar and distributary channel reservoir member and cement, the cemented member. Thus, two impermeable members (shale and cement) were employed in addition to the reservoir member during the construction of the model's layers.
Base case
In order to create the ideal case we generate a prior model using information from the wells and a noiseless seismic dataset.
The prior distribution of the gas saturation is a normal distribution N(3%,8%) . The mean of the prior gas saturation distribution is 3% and was chosen to be distinct from the value utilized in the generation of the synthetic seismic (5%) because it was assumed that the gas was present in the entire reservoir layer differently from the true model were the gas was concentrated in the region indicated by the flow simulations shown in Figure 1 . Thus we were able to decrease the uncertainty of the base case to 8% because we could deal with areas with no gas using the same prior distribution used in areas with the presence of gas.
The MAP model's gas saturation of this inversion is shown in Figure 2 and resembles the model used to generate the synthetic seismic data (Figure 1 ) in terms of the localization of the anomaly. The values inside the anomaly are also close to the right value of gas saturation, 5%.
In order to quantify the improvement of the posterior in comparison to the prior an indicator γ was developed. It calculates the ratio of the probability that a realization has the right value of gas saturation (5%) within an error margin of 1% (4% to 6%, in this case) for the prior and posterior distribution.
The base case presents a γ value of 1.82 (Table 1) . This represents an improvement of 82% in the right gas saturation detectability in the posterior distribution in comparison with the prior one.
Figure 2 MAP model's gas saturation as a result of the use of prior gas saturation distribution equal to N(3%, 8%).

`
Figure 3 Posterior and prior distributions of gas saturation. Prior distribution equal to N(3%,8%).
Wrong parameterizations
Using Gassmann's fluid substitution equation we were able to quantify the sensitivity of the reservoir rock's acoustic impedance to gas saturation as shown in Figure 4 and separate two regions of the curve: a steep, more sensitive part with great variations of acoustic impedance with gas saturation and a flat one with mild variations.
In the steep part of the curve, the N(1%,17%) case's MAP model's gas saturation ( Figure 5 ) reveals a great resemblance with the true model. The posterior distribution of gas saturation presents a γ value of 1.87 what represents an improvement even bigger than the base case due to the fact that the last one was already close to the true gas saturation. In the flat side of the curve scenarios with 80% mean for prior gas saturation distributions are tested using two different standard deviations 17% representing a under evaluated uncertainty and 200% representing a quasi-non-informative prior distribution. Figure 6 presents the MAP model gas saturation for the first case. No resemblance with the true model is found due to the small assigned uncertainty as observed in Figure 7 . Figure 8 shows that a quasi-noninformative prior distribution can lead to a relatively reasonable MAP model in terms of spatial detectability as well as quantitatively. Nevertheless the posterior distribution was not very successful in improve the detectability of the real model with a γ indicator of 1.39. 
Noise
Different amounts of coherent and random noise were added to one vintage and inversion was carried out assuming two levels of root mean square (RMS) amplitude of the noise, 0.01 and 0.1. It is worth noting that the RMS amplitude of the noiseless seismic data was while the RMS amplitude of the difference volume of the noiseless vintages was .
In the first example ( Figure 9 ) random noise with the same RMS amplitude of the noise free seismic data ( ) was added to the noise free seismic data. The RMS amplitude of the noise informed to the software was 0.1. This value is large when compared with the real noise level of but leads to good results, indicating that the algorithm was capable of distinct random noise from signal.
In the second example (Figure 10 ) time lapse coherent noise realization ) is added to the noise free seismic data. Only when the RMS amplitude of noise was comparable to the RMS amplitude of the difference volume ( , respectively), the software was able to differentiate signal to noise. In that case the RMS amplitude noise informed to the software was . Thus we can say that according to the results present in Table  1 , coherent noise must be treated more carefully than random noise.
One possible reason for this is due to the fact that the algorithm assumes that the saturation is constant throughout the layers. Since the coherent noise can cross the layer vertically it is more misleading to the algorithm than the vertically diffuse random noise. 
CONCLUSIONS
This work focuses in the robustness evaluation of the stochastic time lapse inversion while facing noise and parameterisation issues.
A synthetic seismic dataset was inverted and the results were in agreement with the theory and gave important insights about the input data.
Since in real cases the gas saturation spatial distribution is not known, the test was done assuming different prior means and uncertainties and no constraints were used in terms of spatial distribution of the gas.
The findings for wrong parameterisation cases were very encouraging and consistent with the theory. When random noise was added to the input seismic data the algorithm was able to recover the true model within an acceptable margin of error. However, addition of coherent noise affected the inversion result significantly. Only when the root-mean-square (RMS) amplitude level was comparable to the one in the difference volume the algorithm was able to actually differentiate the noise from the signal.
These findings support the idea of a careful processing to avoid coherent noise and a judicious interpretation when it is unavoidable. Finally a new indicator was developed to calculate the improvement in detectability after the input of new data using the stochastic time lapse inversion. Table 1 The ratio between the posterior and prior probabilities for the true value more or less 1% for all scenarios. The infinity value is due to the absence of realizations between 4% and 6% on the prior distribution.
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